Abstract MELD score is a formula based on laboratory variables used as a predictor of short-term mortality index in cirrhotic patients. It is applied to allocate patients in liver transplantation waiting list in many countries. However, MELD score cutoff point accuracy to predict long term mortality has not been statistically evaluated. The aim of this study was to analyze the MELD score and other variables related to long-term mortality using a new model: the Survival Tree analysis. The variables considered in this study were obtained at the time of liver transplantation list enrollment. The graphical representation of the survival trees showed that MELD 16 was the most statistically significant mortality cutoff point. The results were compatible with the MELD cutoff point reported in the clinical literature. This methodology can be extended to identify significant cutoff points related to other diseases whose severity is not necessarily expressed by MELD.
Introduction
The Model for End-Stage Liver Disease (MELD) [1] score was described as a short term mortality index used to predict three month mortality in patients who underwent transjugular intrahepatic portosystemic shunt (TIPS) insertion, ranging from 0 to 40. It was subsequently applied to allocate liver grafts in liver transplantation list in the United States and several countries, since February 2002 [2] . Many countries use subjective local criteria or UNOS based policy to allocate liver grafts according to liver disease severity [3] .
The liver transplantation waiting list time varies significantly among various centers but usually reflects a gap between the donor liver pool and the demand for transplant [4] . The longer waiting time results in a higher mortality rate [5] . There is a worldwide tendency to increase waiting list time, due to organ shortage.
There are several factors related to liver transplantation waiting list mortality reported in the literature as age, gender, blood type and disease etiology [6] . The MELD advantage to allocate organs is its reproducibility and absence of subjective criteria as ascitis or encephalopathy.
Many authors have described MELD as an independent tool related to short term mortality in the transplantation waiting list and tried to determine a threshold to assess prognosis and mortality in this setting [7, 8] . However, MELD score accuracy to predict long term mortality has not been statistically evaluated.
Considering that waiting list times often exceeds one year in many countries, the motivation of this study is to analyze the performance of the variables used to allocate liver organs such as MELD score as much as other clinical significant variables to predict mortality in a long term waiting list for cirrhotic patients. To attain this goal, a new useful statistical method, the Survival Tree analysis, is proposed to establish a cutoff point of MELD, as well as other variables, that better predicts this long term mortality. The interactions between the explanatory variables are also analyzed.
Materials and methods

Data set
All patients referred for liver transplantation waiting list, in a single center, during a 10 year period were evaluated for inclusion in the study. Due to available data, a total of 529 patients were considered in this study.
Data were obtained from the patient inclusion registration form and from the hospital's internal system of patient registration and organized in excel for posterior analysis.
The variables obtained at the time of liver transplantation list enrollment and considered in this study were: gender, age, blood type, body mass index, liver disease etiology, hepatocellular carcinoma, waiting time for transplant (in days) and MELD. The MELD score formula [1] were: Mortality on the waiting list was the outcome. Dropout list, transplantation or still waiting in the transplantation list at the end of the study were considered as censored data.
The statistical approach used was the Survival Tree developed by Hothorn et al. [9] and the Proportional Hazard Model of Cox [10] . The implementation was done using R [11] packages.
Recursive partitioning
A learning set L consists of m covariates X = (X 1 ,..., X m ) of a sample space χ and a response Y of a sample space Y. Let it be a learning set L used to form a predictor 8(x, L), i.e., if the input is x the answer y will be predicted by 8(x, L).
So, the conditional distribution D Y X j ð Þ of the response given covariates X depends on a function f of the covariates
Þ , with the restriction that the partition is based on the regression relationships so that the covariate space χ is partitioned in r disjoint cells B 1 ,..., B r .
The regression model will be fitted based on a learning sample L n composed of n independent and identically distributed observations. The association between the response Y and covariates X j , j = 1, ... , m, is measured by the following linear statistics:
where g j : X j ! < p j is a non-random transformation of the covariate X j ; h : Y Â Y n ! < q is the influence function that depends on the responses (Y 1 , ...,Y n ) in a permutation symmetric way. For survival data the influence function may be the logrank taking censoring into account. A weighted Kaplan-Meier curve for the weights w(X) can serve as prediction; and vec is the operator that converts a p j x q matrix into a p j q column vector by column-wise combination.
The distribution of T j (L n , w) under the partial hypotheses H 0 j depends on the joint distribution of Y and X j , which is unknown.
Most algorithms for the construction of classification or regression trees algorithm follow a general rule [12] : first, partition the observations by univariate splits in a recursive way; and second, fit a constant model in each cell of the resulting partition.
The conditional inference trees [9] embed recursive binary partitioning into the well defined theory of permutation tests developed by Strasser and Weber [13] , following three steps. First, considering the case weights w, test the global null hypothesis of independence between any covariates and the outcome. If this hypothesis cannot be rejected, then stop. Otherwise select the covariate with strongest association to the outcome, which measure is related to a p-value to test the partial null hypothesis of a covariate and the outcome. Second, choose a set of the predictor to implement binary split in the selected covariates defined by the left and right case weights (w letft and w right ). Third, the two previous steps are repeated recursively until the stop criterion is achieved.
The algorithm stops if the global null hypothesis of independence between the response Y and any of the m covariates cannot be reject at a pre-specified nominal level α, which in our case was 0.05. Otherwise the association between the response and each of the m covariates is measured by test statistics or p-values that indicate the deviations from the partial hypotheses H 0 j .
Proportional hazard model
A Proportional Hazard Model of Cox [10] will also be employed to investigate the association between survival time and the explanatory variables. The model assumes that for an individual with vector x of covariates, the hazard rate at time t is given by
where h 0 (t) is the underlying hazard function at time t for x = 0 (i.e, all covariates at their appropriate reference level) and β is a vector of unknown coefficients of covariates effects. In the present case the dependent variable t is the time measured in days since the entrance of each patient in the transplant queue until death or censoring. The explanatory variables were: gender, age, blood type, body mass index, liver disease etiology, hepatocellular carcinoma (HCC), and MELD.
Results
From the 529 patients in the data base, 61% were male. The mean age was 51±13 years old. The most frequent etiology for liver disease was chronic hepatitis C (47%), alcoholic liver disease (17%) and cryptogenic cirrhosis (10%). Regarding general outcome, 36% died, and 64% were censored, from which 8% left the transplant list, 14% had been submitted to a liver transplant, and 42% are still in list. The median follow-up in liver transplantation waiting list was 1011 days. The application of the nonparametric regression tree to the data is presented in Figs. 1, 2, 3 and 4 . A graphical representation of the survival tree for the 529 patients in the liver transplantation waiting list was implemented using the party add-on package [9] to the R system [11] for statistical computing.
The main cutoff point in each tree corresponds to the pvalue related to that variable in the Cox regression and pvalue corresponds to the log-rank test [12] .
In Fig. 1 one can observe the MELD cutoff at 16. This survival tree also presents some other cutoff statistically significant. Figure 1 also shows that the higher the MELD score, the higher the mortality. Figure 2 shows that the first important cutoff is related to MELD at 16 and also presents the interaction with age where the cutoff corresponds to 33.2 years. Figure 3 shows again the main cutoff corresponding to MELD at 16 and also the relevant interaction with hepatocellular carcinoma diagnosis (HCC). It is worth noting, in node 5, a group of 13 patients where one can observe high mortality in spite of meld between 12 and 16.
Finally, Fig. 4 presents a decision cutoff with three variables: MELD (cutoff at 16), age, and HCC diagnosis. Figure 4 also shows three groups of interesting features: the first one with 13 patients (node 5) where one can observe high mortality, meld between 12 and 16, and HCC diagnosis; the second group with 22 patients (node 8) with low mortality, meld greater than 16, and age less than 33 years old; and the third with 126 patients (node 9) with high mortality, MELD above 16, and age older than 33 years. In addition, Table 1 presents the results of Cox Proportional Hazard model which also show the significance of these three variables, also indicating that the survival tree shown in Fig. 4 is the best model.
The other variables in the data set did not show any interaction with MELD, when the Cox model was used.
Discussion
The aim of an organ allocation policy is to promote maximum survival not only in liver transplantation programs by reducing waiting time, death and dropout list rates, but also reducing overall mortality for patients with end-stage organ failure.
Since the introduction of MELD score for organ allocation in liver transplantation in 2002, the cutting point of 15 has been described to allow patients onto the waiting list [14] .
No system is perfect and requires constant modification. The MELD score still has limitations for adequate evaluation in around 20% of patients listed with hepatocellular carcinoma, cholestatic or metabolic diseases and cirrhosis decompensated by encephalopathy, ascites or digestive hemorrhage [15] .
Boin et al. [16] reported Child-Pugh score as a mortality index in long term waiting list, showing no difference from MELD score.
The current study describes demographical and clinical characteristics of a liver transplantation program in a developing country, with long waiting time for transplantation. That setting could reflect more accurately the natural history of advanced liver disease, i.e., without intervention.
In this paper MELD score cutoff to predict long term mortality in liver transplantation waiting list was statistically evaluated. Survival Tree analysis and MELD was used to predict long term mortality.
Our statistical results reinforce a similar mortality MELD cutoff point reported for short term basis in the medical literature [1] . This information corroborates the MELD allocation system adoption in regions with longer waiting times for liver transplantation, as observed in our country. The use of the Survival Tree analysis along with the [10] is used in study of prognostic factors to assess the association between survival times and the covariates effects. The Cox model does not require any assumptions about the probability function of the data. On the other hand, the Survival Trees [9] are useful to find the cutoff point on covariates and have the additional advantage of attractiveness due to their easy visualization, intuitive interpretation of the results, and immediate correlation to individual clinical assessment.
Since Cox regression model indicates MELD, age and HCC as important covariates and the survival tree shown in Fig. 4 pointed out the same covariates, we can choose this as the most representative survival tree for predicting long term mortality based on our data set.
Besides MELD mortality cutoff at 16, obtained in this study, additional decision criterion is a further information obtained from the survival tree, pointing other high risk sub groups in our casuistic: The patients with MELD between 12 and 16 and HCC diagnosis, and also MELD above 16 and age older than 33 years.
Survival Trees can also provide additional information for diseases whose severity are not directly related to the MELD value, such as hepatocellular carcinoma, cholestatic or metabolic diseases and cirrhosis decompensated by encephalopathy, ascites or digestive hemorrhage.
